Forecasting China's clean energy consumption has great significance for China in making sustainably economic development strategies. Because the main factors affecting China's clean energy consumption are economic scale and population size, and there are three variables in total, this paper tries to simulate and forecast China's clean energy consumption using the grey model GM (1, 3) . However, the conventional grey GM (1, N) model has great simulation and forecasting errors, the main reason for which is the structural inconsistency between the grey differential equation for parameter estimation and the whitening equation for forecasting. In this case, this paper improves the conventional model and provides an improved model GM (1, N). The modeling results show that the improved grey model GM (1, N) built with the method proposed improves simulation and forecasting precision greatly compared with conventional models. To compare the model with other forecasting models, this paper builds a grey GM (1, 1) model, a regression model and a difference equation model. The comparison results show that the improved grey model GM (1, N) built with the method proposed shows simulation and forecasting precision superior to that of other models as a whole. In the final section, the paper forecasts China's clean energy consumption from 2019 to 2025 using the improved grey model GM (1, N). The forecasting results show that, by 2025, China's clean energy consumption shall reach the equivalent of 1.504976082 billion tons of standard coal. From 2019 to 2025, clean energy consumption shall increase by 11.32% annually on average, far above the economic growth rate, indicating China's economic growth shall have a great demand for clean energy in the future. Studies have shown that China's clean energy consumption shall increase rapidly with economic growth and population increase in the next few years.
Introduction
The Chinese economy is in an important development stage-the middle and late period of urbanization. Currently, economic growth has entered into the new normal, and environmental management also faces great challenges. China is currently the biggest CO 2 and SO 2 emitting country in the world. The emission of SO 2 causes the deaths of approximately 0.18 million people each year in China and has a medical cost of more than CNY 0.3 trillion. The latest statistics from the World Bank show that China's total economic loss caused by air and water pollution accounts for about 8-12% of China's GDP. Because of the great damages to the environment made by extensive economic growth, China has to find a sustainable development mode for the mutual benefit of economic growth and environmental protection. In the urbanization stage, the main reasons for the continuously increasing environmental load in China include the rapid increase in energy consumption brought variables successfully. Merigaud et al. [17] explored the full range of wave modeling activity, including various time scales, and introduced modeling methods of the time scales and the causality input driving the models. Some models were based on the physical description of the system, including sounding, while some models only used measured data to form time sequence models. Their research introduced the proper structures of forecasting models and how to make parameter estimations for models in details, and offered some cases to explain these modeling methods. Ma et al. [18] proposed and used a machine learning forecasting algorithm, which did not contain a great number of independent variables or hypotheses, for the modeling and forecasting of American renewable energy consumption (REC). They forecasted the biomass and hydro power's REC in years 2009-2016. Martín-Vázquez et al. [19] forecasted wind power generation capacity using two machine learning methods. The individual method constructed a model for each layer, while the global method obtained a model allied to all layers. Each method had its advantages and disadvantages. The SVM was used to construct the individual and global models. The research performed tests with the energy production data obtained from wind power plants and the meteorological data offered by the European Center for Medium-Range Weather Forecasting. Additionally, considering the great number of variables involved, to improve the models' performance, the researchers adopted a characteristics selection algorithm. The experiment results show that the global model was more accurate than the single model, especially in the case of characteristic selection. Mehedintu et al. [20] analyzed the trend of renewable energy consumption using the data of 28 countries of the EU. The data came from the Eurostat's database of the years 1995-2016. The researchers got the simple statistics of three macroeconomic indexes on the level of the EU and made an economic analysis, and then estimated the evolution of renewable energy consumption's proportion in the final energy consumption using five regression models (the polynomial, ARIMA). The empirical estimation of the proportion of renewable energy in the final energy consumption showed that all groups had a growth trend. Dumitru and Gligor [21] analyzed different time sequence modeling methods for the purpose of forecasting the power output of renewable energy like wind energy. They used two models, the random model (ARIMA) and the model based on neural network (FFANN or MLP) for the forecasting.
In various forecasting models, the grey model is an important type. In the applications of grey model, many researchers used the GM (1, 1) model and its improved models for forecasting. Because clean energy consumption is affected by other variables, it's proper to build a grey model GM (1, N) for the forecasting of clean energy consumption. In recent years, the GM (1, N) model has been used widely [22] [23] [24] [25] [26] . However, when forecasting with the models in practice, there are always great errors, for which reason many researchers have studied the model. Currently the studies focus on the model's optimization, modification and extension. Zhengxin Wang [27] proposed a grey multivariable time-lag GM (1, N) model and its solving method for the modeling of small-sample systems with time-lag causality. Haijun Su and Yi Shao [28] proposed an optimized combination GM (1, N) model considering the model's defects in simulation and forecasting. Ji Huang [29] proposed a grey multivariable delay GM (1, N) model for the control system with little information, many variables and lagged input and output, gave the model's parameter estimation form and approximation time response formula and obtained two derived models. Gaofeng Zhang et al. [30] made an experimental study on the grey multivariable self-memory model and gave the method building grey GM (1, N) self-memory models. Manxi He and Qin Wang [31] made a modeling mechanism analysis on a grey differential equation GM (1, N) according to the time sequence's structure and characteristics, and proposed a new algorithm to build GM (1, N) forecasting models based on the Simpson formula. Song Ding et al. [32] introduced a dummy variable into the conventional GM (1, N) model to construct a GM (1, N) model controlled by a dummy variable. Wei Zhou and Zhigeng Fang [33] proposed two nonlinear optimization GM (1, N) models. Qiuping Wang et al. [34] combined the grey theory with the Markov model for forecasting to improve forecasting precision. Xiaojun Bi and Xin'an Wu [35] offered a multistage grey model GM (1, N) with a feedback mechanism for complex systems. These research methods improved GM (1, N) model's forecasting precision to different extents. In fact, a main reason for the poor forecasting precision of conventional GM (1, N) model is the structural inconsistency between the grey differential equation for parameter estimation and the whitening equation for forecasting [36] [37] [38] . The paper derives the modified model of conventional grey differential equation on the basis of the whitening equation, in which way the structure of the grey differential equation obtained is basically consistent with the structure of the whitening equation, and then substitutes the parameter estimate obtained with the grey differential equation into the whitening equation (time response equation), and the solution obtained shows small forecasting errors. In the grey differential equation, the selection of background value is very important. Generally, the background value is the adjacent mean sequence, i.e., the generating coefficient of background value is an equal-weighted constant, which is the approximate value of the background value, but sometimes the model forecasting precision is poor, so many scholars have made important studies on this problem [39] [40] [41] [42] [43] . However, in fact, the background value function has many forms. If the generating coefficient of the background value is an unequal-weighted constant or unequal-weighted variable, to improve forecasting precision, we can use an optimization method to select the generating coefficient. This paper uses the grey differential equation of an improved GM (1, N) model for parameter estimation and gives a parameter estimation method with optimized background value. For the time response equation of conventional GM (1, N) model, there is generally no analytical solution, and researchers generally use an approximation method [44] [45] [46] [47] [48] . This paper gives a scientific solving method for the time response equation of the improved model. The empirical analysis shows that the improved grey model GM (1, N) proposed and the method proposed improve simulation and forecasting precision greatly compared with conventional models. To compare with other models in terms of forecasting, this paper builds a grey GM (1, 1) model, a regression model and a difference equation model. The comparison results show that the improved grey model GM (1, N) built with the method proposed is superior to other models as a whole in terms of simulation and forecasting precision. In the final part, this paper forecasts China's clean energy consumption using the improved model and method proposed. Forecasting results show that China's clean energy consumption shall grow rapidly with the growth of economy and population in the next few years.
Methodology

Conventional Grey Model GM (1, N)
We supposed the system characteristic factor's time sequence to be {x (0) 1 (k)} and correlative factor's time sequence to be {x
The first-order accumulated generating equation is
The conventional grey model GM (1, N)'s grey differential equation is
in which the background value z 
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The equation above generally has no analytical expression. When time sequence {x (1) i (k)} (i = 2, 3, · · · , p) had few changes in time interval [t k , t k+1 ], the time response equation of GM (1, N)'s whitening equation was approximate to x (1)
Then, fromx (0) (t) =x (1) 
, we calculated the simulated value and forecasted value of original sequence. 
If time sequence {x
1 (t) = e −at x (1) 1 (1) − t p i=2 b i x (1) i (1) + p i=2 b i x
Improved Grey Model GM (1, N)
Mechanism Analysis on Improved Grey Model GM (1, N)
We supposed the system characteristics factor's time sequence to be {x (0) 1 (k)} and correlative factor's time sequence to be {x
To improve grey model GM (1, N)'s forecasting precision, we modified the conventional whitening equation to be dx (1)
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We used the Lagrange's mean value theorem to derivable curve x (1)
In this case, we made t = ξ k for both sides of dx (1)
i (ξ k ), and then got the modified grey differential equation
Generally, x
i (t) was a monotonic sequence, and then x
i (k)), and there was x
i.e., z
Time Response Equation of Improved Grey Model GM (1, N)
To get the solution of grey model GM (1, N)'s whitening equation, we substituted the time response equation for x (1) i (i = 2, 3, · · · , p) in the whitening equation, and so supposed
and then the whitening equation was dx (1)
i.e., dx
We
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The solution of dx (1)
In this case, the solution of
i.e., the time response function of whitening equation was
Parameter Estimation of Improved Grey Model GM (1, N)
The improved grey differential equation is
where z
i (k). If the generating coefficient was an equal-weighted weight, i.e.,α k = 0.5, the estimate of parameter wasB
If the generating coefficient is an unequal-weighted constant, i.e., α k = α, in which case,
The estimate of the parameter isB
We used the optimization method to define α. That is, in [0, 1], we took the value of α from 0 to 1 by the step size of 0.01, and chose the α, making MAPE = 1
After getting all the parameters, we substituted the parameters into the following time sequence response equation:
Empirical Analysis
Variables and Data
Clean energy is energy which does not emit pollutants. It includes renewable energy, such as ocean energy, solar energy, wind energy, biological energy, hydraulic energy, geothermal energy, hydrogen energy, and so on, and nonrenewable energy, such as nuclear energy, and so on. Forecasting China's total consumption of clean energy has great significance for developing energy development strategies. Because the main influencing factors of clean energy consumption are economic scale and population size, and there are a total of three variables, this paper tries to simulate and forecast China's clean energy consumption using the grey model GM (1, 3) . Because the conventional grey GM (1, N) model has great simulation and forecasting errors, this paper improves the conventional model to obtain the improved grey model GM (1, N), and then simulates and forecasts China's clean energy consumption with the improved grey model GM (1, N) . the variables are selected as follows: x Table 1 gives the related data of China's clean energy consumption from 2006 to 2018. This section builds an improved grey model GM (1, 3) for China's clean energy consumption. 
Empirical Results
Year
No.
Actual Value First, build the GM (1, 1) model for GDP:
2 (k) = c 2 . To improve the simulation precision, we supposed the background value as z
2 (k) and made α change from 0 to 1 by the step size of 0.01, and then calculated the average simulation relative error MAPE. Figure 1 shows the results.
When α = 0.41, MAPE is the minimum and MAPE = 1
In this case, the background value is
Then, we got the estimate of the parameter and then x (1) 
( ) ( ) x k a z k c
To improve the simulation precision, we supposed the background value as = − + − (1) (1) (1) 2 2 2 ( ) ( 1) (1 ) ( ) z k αx k α x k and made α change from 0 to 1 by the step size of 0.01, and then calculated the average simulation relative error MAPE . Figure 1 shows the results. 
In this case, the background value is We then built the GM (1,1) model for population size:
3 (k) = c 3 . To improve the simulation precision, we supposed the background value as z
2 (k) and made α change from 0 to 1 by the step size of 0.01, and then calculated the average simulation relative error MAPE. Figure 2 shows the results. 
We then built the GM (1,1) model for population size:
To improve the simulation precision, we supposed the background value as
α x k and made α change from 0 to 1 by the step size of 0.01, and then calculated the average simulation relative error MAPE . Figure 2 shows the results. 
Then, we got the estimate of the parameter = − = When α = 0.50, MAPE is the minimum and MAPE = 1
Then, we got the estimate of the parameter a 2 = −0.00492609, c 2 = 131156.0
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and then x (1)
= 26756215.3104e 0.004926(t−1) − 26624767.3104 (33) If we built the conventional GM (1, 3) model, i.e., the model was
3 (k) (34) in which the background value z (1)
(1) 1 (k). From the grey differential equation, we got
The whitening equation is
To get the analytical solution, we substituted the time response equation of GM (1, 1) for x (1)
, x
(1) 3 in the equation above, i.e.,
dx
(1)
We got the solution
We substituted the related parameters, and then get the time response equation
We calculated the simulated value and the forecasted value of the original sequence from. See Table 1 for the results. Table 1 shows the relative errors and average relative errors in the periods.
Next, we built the improved grey model GM (1, 3) proposed. The grey differential equation of improved grey model GM (1, 3) is
The background value is z 2, 3) . We let the generating coefficient α changes from 0 to 1 by the step size of 0.01, calculated and got the average simulation relative error MAPE. Figure 3 shows the results.
When α = 0.49, MAPE is the minimum and MAPE = 1
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We calculated this and got
The time response equation is
i.e., We calculated the simulated value and the forecasted value of the original sequence from .See Table 1 for the results. Table 1 shows the relative errors and average relative errors in the periods.
Next, we built the improved grey model GM (1, 3) proposed.
The grey differential equation of improved grey model GM (1, 3) is
The background value is
We let the generating coefficient α changes from 0 to 1 by the step size of 0.01, calculated and got the average simulation relative error MAPE . Figure 3 shows the results. Fromx (0) (t) =x (1) (t) −x (1) (t − 1), we calculated the simulated value and forecasted value of original sequence. See Table 1 for the results. From the average simulation relative errors and the average forecasting relative errors, we can see that the improved model has the simulation and forecasting precision obviously superior to that of conventional models and shows an average simulation relative error of only 2.61103% and an average forecasting relative error of only 3.73303%, far less than 10%. The model has high precision and thus can be used for forecasting.
To compare the model proposed with other models in terms of simulation and forecasting precision, the paper builds the following three models using the data from year 2006 to year 2015.
The grey GM (1, 1) model built iŝ
1 (t − 1), (t = 2, 3, · · · , 10), get the simulated value of original sequence; fromx 11, 12, 13) , get the forecasted value of original sequence at the third step. Table 2 shows the results.
The regression model built iŝ
From Equation (42), we calculated and got the simulated values, forecasted values and errors of x (0) 1 (t) from the regression model. See Table 2 for the relevant results. The difference equation model built iŝ
From Equation (43), we calculated and got the simulated values, forecasted values and errors of
1 (t) from the difference equation model. See Table 2 for the relevant results. Tables 1 and 2 show that for China's clean energy consumption, the improved model GM (1, 3) has an average simulation relative error obviously smaller than those of the grey model GM (1, 1), regression model and difference equation model; the model proposed has an average forecasting relative error significantly smaller than those of the grey model GM (1, 1) and the regression model and slightly higher than that of the difference equation model. Overall, the improved model GM (1, 3)'s average relative error is significantly smaller than those of the grey model GM (1, 1) , regression model and difference equation model. Therefore, the improved model GM (1, 3) built in this paper has the precision obviously superior to that of the grey model GM (1, 1) , regression model and difference equation model. Tables 1 and 2 show that the model built with the improved model proposed and the method proposed has high simulation precision and forecasting precision. Table 3 shows the forecasted values of China's clean energy consumption from 2019 to 2025 obtained with the improved grey model GM (1, 3) . Figure 4 is the curve diagram of the actual value, simulated value and forecasted value of China's clean energy consumption. It shows that the improved grey model GM (1, 3) built in this paper has high fitting precision. The forecasting results in Table 3 show that by 2025, China's clean energy consumption shall reach 1.504976082 billion tons of standard coal. In this case, China's clean energy consumption shall increase by 11.32% annually on average from year 2019 to year 2025, far higher than the growth rate of the Chinese economy. It also indicates that China's economic growth shall have a great demand for clean energy in the future. Figure 4 is the curve diagram of the actual value, simulated value and forecasted value of China's clean energy consumption. It shows that the improved grey model GM (1, 3) built in this paper has high fitting precision. The forecasting results in Table 3 show that by 2025, China's clean energy consumption shall reach 1.504976082 billion tons of standard coal. In this case, China's clean energy consumption shall increase by 11.32% annually on average from year 2019 to year 2025, far higher than the growth rate of the Chinese economy. It also indicates that China's economic growth shall have a great demand for clean energy in the future. 
The results in
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Main Conclusions
(1) This paper proposed an improved GM (1, N) model and its modeling method for China's clean energy forecasting. To improve forecasting precision, the paper first derives the modified model of conventional grey differential equation based on the whitening equation, so that the grey differential equation obtained is structurally consistent with the whitening equation, and then substitutes the parameter estimate obtained from the grey differential equation into the solution of whitening equation (time response equation), in which case the forecasting error is small; next, the 
Conclusions and Discussion
Main Conclusions
(1) This paper proposed an improved GM (1, N) model and its modeling method for China's clean energy forecasting. To improve forecasting precision, the paper first derives the modified model of conventional grey differential equation based on the whitening equation, so that the grey differential equation obtained is structurally consistent with the whitening equation, and then substitutes the parameter estimate obtained from the grey differential equation into the solution of whitening equation (time response equation), in which case the forecasting error is small; next, the paper offers a parameter estimation method with optimized background value for the improved GM (1, N) model; finally, to solve the problem that the time response equation of the conventional GM (1, N) model generally has no analytical solution and is solved with the approximation method with a great forecasting error, the paper gives a scientific solving method for the time response equation of improved model.
(2) The paper builds the grey model GM (1, 3) for China's clean energy consumption using the improved model and method, and the model built has a simulation and forecasting precision significantly higher than that of conventional grey models. The improved model has a small average simulation relative error (2.6110%) and a small average forecasting relative error (3.7330%), indicating the method proposed is highly scientific and reliable. The idea and method in the paper also have great significance for further studies and wide applications of the grey GM (1, N) model.
(3) For the purpose of comparison, the paper builds a grey model GM (1, 1), a regression model and a difference equation model for China's clean energy consumption. The comparison results show that the model built with the improved model has an average simulation relative error significantly smaller than those of grey GM (1, 1) model, regression model and difference equation model, and an average forecasting relative error significantly smaller than those of the grey model GM (1, 1) and regression model and slightly higher than that of difference equation model. Overall, the improved model GM (1, 3) built in this paper has an average relative error significantly smaller than those of grey model GM (1, 1), regression model and difference equation model. It indicates that the model built with the improved model and method proposed has high simulation and forecasting precision.
(4) The paper forecasts China's clean energy consumption from year 2019 to year 2025 using the improved grey model GM (1, 3) . From the forecasting results, we can see that China's clean energy consumption from year 2019 to year 2025 is 0.7908913768, 0.8792441395, 0.9780561053, 1.088566116, 1.21215951, 1.350385413 and 1.504976082 billion tons of standard coal, respectively, increasing by 11.32% annually on average, far higher than China's economic growth rate. The Chinese government should further improve the energy supply system to avoid the lack of energy supply.
(5) From the macro perspective, China's consumption of clean energy, represented by nuclear power, wind power and solar energy, is closely connected to China's economic development and state policies. China's clean energy consumption shall grow rapidly with the growth of the economy and population, and accounting for a yearly increasing proportion in the total energy consumption. Currently, China is entering into a critical period of economic transition and update, energy pattern adjustment and overall social reform, so forecasting China's total consumption of clean energy is of great importance for Chinese government's energy development strategy adjustments and economic decisions in the future.
Discussion
Clean energy consumption has a great influence on economic growth, so forecasting China's clean energy consumption has important significance for China in making energy development strategies and sustainable economic development strategies. Because the main influencing factors of China's clean energy consumption are economic scale and population size and there are three variables in total, the paper tries to simulate and forecast China's clean energy consumption using the grey model GM (1, 3) . Because the conventional grey GM (1, N) model has great simulation and forecasting errors, the paper improves the conventional model to obtain an improved GM (1, N) model. The paper builds a grey GM (1, 3) model for China's clean energy consumption and gets the following calculation results: the average simulation error is 2.62%, the average forecasting error is 3.73%, the average overall error is 2.90%; while, for the conventional model, the average simulation error is 11.55%, the average forecasting error is 14.29% and the average overall error is 12.24%. The results show that the improved grey model GM (1, N) built with the method proposed has greatly improved precision compared with the conventional model. To compare the model built with other forecasting models, the paper builds a grey GM (1, 1) model, a regression model and a difference equation model. The calculation results show that the three model's average simulation errors are 6.90%, 3.90% and 3.36%, respectively, the average forecasting errors are 7.09%, 7.16% and 2.87%, respectively, and the average overall errors are 6.95%, 4.65% and 3.23%, respectively. We can see that the improved grey GM (1, N) model's simulation precision is significantly better than that of the grey GM (1, 1) model, regression model and difference equation model; meanwhile, the improved grey GM (1, N) model's forecasting precision is significantly better than that of the GM (1, 1) model and regression model but not as good as that of the difference equation model. Overall, the improved grey model GM (1, 1) built with the method proposed has significantly better precision compared with other models here.
This paper forecasts China's clean energy consumption from 2019 to 2025 using an improved grey model GM (1, 3) . Forecasting results show that China's clean energy consumption shall be 1.504976082 billion tons of standard coal by 2025. It indicates that China's clean energy consumption shall increase by 11.32% yearly on average from 2019 to 2025, far exceeding the rate of economic growth. It also means China's economic growth has a great demand for clean energy in the future. The research shows that China's clean energy consumption demand shall increase rapidly with the growth of economy and population, so China should ensure the adequate supply of clean energy.
China's clean energy studied in the paper includes renewable energy, such as ocean energy, solar energy, wind energy, biological energy, hydraulic energy, geothermal energy, hydrogen energy, and so on, and nonrenewable energy, such as nuclear energy, and so on. Because the official statistics are about the gross consumption of all varieties of clean energy, and only part of the recent data are about different types of clean energy, we cannot forecast different types of energy respectively. As the statistics are perfected and improved, the research and forecasting of various types of energy consumption shall have greater significance.
